Despite significant promise, the full impact of mental health technologies has yet to be realized. With overall mental health service utilization still below 50%, those with a disorder, racial/ethnic minority, low SES, and rural populations receive services at even lower rates. Mental health technologies have been designed and proposed to address the barriers exacerbating these disparities and low utilization. However, research on these tools, which to date has appropriately prioritized effectiveness, requires significant shifts to test the ways these tools may reduce disparities. This article reviews these tools and outlines a potential framework for research that can guide the translation of these technologies into data-driven dissemination and implementation strategies.
| PURPOSE
Despite significant advances in the testing and proliferation of effective mental health interventions, more than half of those with mental health disorders do not receive treatment (Han, Hedden, Lipari, Copello, & Kroutil, 2015) . Low service access is compounded by substantial disparities for many racial/ ethnic minority groups, low SES populations, and rural individuals (Priester et al., 2016) . In response, investigators have developed several technological innovations to reduce many of these barriers and, in turn, reduce access disparities. Typically, they focus on three broad categories of barriers: (a) cost of services, (b) ease of access (e.g., time or travel), and, to a somewhat lesser extent, (c) stigma. Each barrier has been routinely demonstrated to impede access to care and disparately reduce service utilization for underserved populations (Andrade et al., 2014; Gee, Ryan, Laflamme, & Holt, 2006; Manseau & Case, 2013) . Broadly speaking, these tools are not widely used in clinical practice and research has yet to systematically examine their ability to reduce access disparities. The purpose of this article was to provide a framework for advancing research on the effectiveness of technology tools to reduce mental health service disparities for rural, low SES, and racial/ethnic minority populations. To this end, the article will (a) describe various technology tools with potential for reducing disparities in mental health access; (b) delineate the mechanisms by which these tools may address service utilization barriers; (c) review emerging data supporting their use in expanding access to effective care; and (d) propose dissemination and implementation research strategies that rigorously assess whether technology tools expand access and by what mechanisms.
| T YPES OF TECHNOLOGY TOOLS AND THEIR APPLICATION TO MENTAL HEALTH DISPARITIES
At present, numerous technologies have been developed with the explicit purpose of enhancing mental health services or expanding the reach of interventions. Though not exhaustive, this review categorizes these tools in three ways according to how they may function to reduce access disparities. First, this article discusses telemental health, which is the delivery of traditional mental health interventions over telecommunication platforms (i.e., videoconferencing and phone conferencing). Second, this article discusses technology-mediated self-help, which typically takes the form of interactive applications or websites that deliver components of evidencebased interventions. Finally, this article discusses technology adjuncts that enhance intervention components. Table 1 provides an overview of how each type of technology tool targets various mechanisms.
| Telemental health
Videoconferencing and phone conferencing are the most common forms of telemental health. While it is difficult to determine the effectiveness of telephone-based interventions due to low samples sizes and lack of recent studies, videoconferencing approaches are perhaps the best studied and most widely used of the various technological innovations. Most studies of videoconferencing-based services use slightly modified versions of established interventions and demonstrate effectiveness that is comparable to in-person services across multiple disorders, including depression, posttraumatic stress disorder (PTSD), anxiety disorders, and others (Fortney et al., 2015; Khatri, Marziali, Tchernikov, & Shepherd, 2014; Stewart, Orengo-Aguayo, Cohen, Mannarino, & de Arellano, 2017) .
| Technology-mediated self-help

| Internet-based
Most frequently, Internet-based self-help automates assessment and treatment components of highly manualized, evidence-based interventions. As one example, MoodGym conducts online depression assessments and then provides psychoeducation to those with diagnostically significant depression scores, by guiding users through interactive behavioral activation and cognitive restructuring activities. This structure is nearly identical to some of the most effective in-person depression treatments (Calear, Christensen, Mackinnon, & Griffiths, 2013) . MoodGym and similar interventions appear to result in significant symptom reduction for depression and multiple anxiety disorders (Davies, Morriss, & Glazebrook, 2014) ; however, minimal clinician guidance in using the program appears to improve outcomes and result in effect sizes that are comparable to those found in clinical trials of well-established, in-person protocols (Andrews, Davies, & Titov, 2011) .
| Mobile application-based
Current research has increasingly focused on the use of mobile health (mHealth) applications. These applications (apps) are like web-based approaches, except they occur through mobile technologies (e.g., phones or tablets). These apps can be Internet-based (i.e., the app continuously uses the Internet to deliver its content) or native (i.e., the app is downloaded once and performs nearly all its functions without needing further connection to the Internet). Nascent research has begun suggesting mHealth apps are an effective way to treat psychiatric disorders while also reducing barriers to treatment access. A systematic review of mHealth apps targeting symptom reduction in anxiety, depression, and substance use yielded results suggesting that users of all but one app resulted in significant reductions in symptoms of depression, stress, or substance use (Donker et al., 2013) .
| Technology adjuncts to care
| Symptom tracking and homework compliance
Between-session homework worksheets, including thought and mood trackers or activity logs, have been commonplace in psychotherapy for multiple decades. Multiple technologies have automated this process primarily through cell phone text messaging or mobile applications. In either format, automated reminders and assessments appear to increase between-session homework compliance for assessments and various treatment-relevant activities (e.g., exposures) and these reminders improve client perceptions of closeness with the therapist and may increase other forms of treatment engagement among underserved populations (e.g., session attendance among Latinxs; Aguilera, Bruehlman-Senecal, Demasi, & Avila, 2017) . Automated assessments and homework activity logs also help therapists monitor clients' homework compliance (Carroll et al., 2008) . More recent versions of automated clinical adjuncts perform an even broader range of between-session functions, including automatically collecting novel treatment-relevant information and adaptively responding to this information (e.g., providing feedback to the participant and giving additional recommendations; Rizvi, Dimeff, Skutch, Carroll, & Linehan, 2011; Wang et al., 2015) . Such innovations remain largely untested but may provide a window to the near future of technological applications to health and mental health. These have already been used to improve sleep intervention outcomes (Hiscock et al., 2015) , and related approaches have been developed for a wide range of problems (e.g., alcohol misuse; Wallen et al., 2014) .
| In-session treatment aids
Likely the most nascent of technological innovations, several platforms may improve treatment outcomes by enhancing the therapeutic procedures in-person. In-session technology aids serve an array of functions, including tailoring interventions to specific client's needs, enhancing client engagement, and novel assessments of relevant client outcomes. Few controlled trials have been conducted to evaluate these methods. Nevertheless, this article presents initial outlines of how multiple technologies are being used to potentially enhance outcomes in the treatment process.
One increasingly popular strategy is the use of individually tailored virtual reality. Virtual reality has been used in the treatment of anxiety disorders and posttraumatic stress disorder (PTSD). Exposure-based therapies are core components in the treatment of anxiety disorders and PTSD. However, due to logistical and practical limitations, finding ideal exposure stimuli is often difficult or impossible. Virtual reality exposure therapy (VRET) can simulate nearly exact versions of feared stimuli, while controlling environmental responses to the client engaging in the exposure. As examples, VRET has yielded results suggesting it is effective in reducing fears of spiders and heights for specific phobia (McCann et al., 2014) , public speaking situations for social anxiety (Gebara, de Barros-Neto, Gertsenchtein, & Lotufo-Neto, 2016) , and combat-related situations for veterans with PTSD (Beidel et al., 2017) . In each case, recreating the exact feared scenario may not have been plausible (e.g., bringing a spider into a clinic or public speaking in front of a large audience).
Technological approaches may also be used to improve clinician fidelity. Even with optimal training methods, providers frequently "drift" from their fidelity to evidence-based treatment protocols. Low fidelity in turn reduces treatment effectiveness (Miller & Rollnick, 2014) . As one example, Ruggiero et al. (2015) developed an interactive, tablet-based clinician guide for trauma-focused cognitive-behavioral therapy, an evidence-based intervention for treating child and adolescent posttraumatic stress disorder. While outcome data for the application are pending, initial results from usability, acceptability, and feasibility demonstrated positive results.
| Serious games for mental health
Serious games are one of the most leading edge of technology tools and often fall between treatment adjuncts and self-help strategies. Designed with the purpose of engaging or entertaining users, serious games generally focus on pedagogical skill building such as improving interpersonal skills or developing coping skills when placed in anxiety-provoking
situations. They can also simulate situations that might otherwise be difficult or impossible to simulate due to logistical and ethical issues. Within the context of mental health, serious gaming has been adapted and tested as exergames, virtual reality, cognitive behavior therapy-based games, entertainment games, biofeedback, and cognitive training games. For a scoping review of these categories, see Fleming et al. (2017) . Results highlighted in this review indicate that serious games increase engagement and may improve outcomes compared with traditional approaches, though the extent and limits to their effectiveness are not well established.
| Reduction in barriers
Though data are generally lacking that examine the extent to which technology reduces each barrier and subsequently increases reach relative to traditional approaches, the following barriers are frequently cited as potential mechanisms achieving this effect. We review the ways in which technology tools may reduce each barrier.
| Cost of service
Many of the technologies described above (e.g., videoconferencing/phone conferencing and Internet/mobile apps) mitigate the cost of treatment. Both phone/videoconferencing and Internet/app-based technologies decrease the need to travel for services. For those with insurance and access-related barriers, videoconferencing and phone conferencing services for mental health are often covered by insurance; however, lack of insurance and under-insurance remains a barrier to services delivered for telemental health, as the cost and insurance requirements are nearly identical compared with inperson treatment, in large part because it requires similar time commitments by clinicians. Technology-mediated self-help is generally offered at a low-cost ($20 or less), one-time payment. Many app-based self-help programs are even available for free. This dramatically decreases the financial burden of treatment. Many of the technology adjuncts to care are used to increase engagement and homework compliance. This has the potential to decrease the number of sessions needed, thus reducing the financial strain of therapy. Furthermore, many of these technologies could be made available after the therapeutic relationship ends for individuals to use on their own, which in turn may reduce the risk of relapse.
| Ease of access
The reduction in travel-related barriers is also key for improving ease of access because of the reduced time committed to a given treatment session. This barrier is particularly salient for rural populations who may not have access to appropriate mental health providers in their area (Fortney et al., 2015) . In collaborative clinical structures (e.g., the Veterans Affairs system), telemental health may be particularly beneficial because it can increase connections between individual clinics and allow for greater collaboration (Fortney et al., 2015) . Scant research has examined whether reducing barriers through technology-mediated self-help results in increased access among underserved groups, but the flexibility of these tools offers significant promise. In concrete terms, an individual may not need to take time off from work, arrange childcare, obtain transportation, or complete the sessions in weekly hour-long settings to receive services as is typical for in-person settings. Each of these barriers has routinely been demonstrated to prevent access to care for low SES, rural, and racial/ethnic minority populations (Manseau & Case, 2013) . Technology adjuncts to care may not necessarily improve the ease of access for mental health services in general, but they likely increase the convenience and ease of use for between-session homework assignments. Evidence has already indicated this increases homework compliance and likely improves effectiveness of multiple interventions (LeBeau, Davies, Culver, & Craske, 2013; Rees, McEvoy, & Nathan, 2005) , particularly those with heavy homework requirements or for which homework consistency (e.g., practicing relaxation at the same time every day) is pivotal.
| Stigma
At this time, little research has examined how technology might impact stigma. However, there are indirect ways in which technology may decrease self-stigma related to seeking mental health treatment. Many of these technologies can be accessed from home or through a mobile device, eliminating the need for an individual to travel to an office. This may mitigate feelings of stigma related to the risk of being seen attending treatment, which may be especially relevant in small towns or for individuals who are part of a racial or ethnic group that is easily phenotypically identifiable. In addition, the use of web platforms and apps shifts the structure of therapy such that participants are no longer attending "talk" therapy in a way that connotes strong stigmatizing stereotypes. These tools come instead in a highly familiar format (i.e., cell phones) through which individuals are likely to have already sought health information, with disproportionate numbers of underserved populations using these technologies for health purposes (Fox & Duggan, 2013; Krebs & Duncan, 2015) . It may therefore reduce the stigma associated with receiving care; however, this has also yet to be demonstrated empirically. While telemental health may not reduce stigma itself, it does offer an avenue for mitigating the impact of stigma on service access. A discussion of how social network technologies might address stigma appears below.
| Access barriers to technology
While technology can be used to address many access and cost barriers, there are still barriers to utilization of technology itself, including data costs associated with usage, high cost or lack of fast Internet connectivity, low literacy rates, fear of security and data breaches, and, finally, providers' lack of knowledge about Health Insurance Portability and Accountability (HIPAA) compliance standards. Ninety-five percent of Americans own some type of cellular telephone and 77% of Americans own a smartphone (Pew Research Center, 2018) . Rates of mobile phone ownership among racial and ethnic minorities and rural populations are comparable to their white and urban counterparts (Pew Research Center, 2018) . Among all groups, rates of mobile phone ownership vary based on age, SES, and education (Pew Research Center, 2018) . Racial and ethnic minorities are more likely to lack broadband at home and rely on their smartphones to access the Internet compared to their white counterparts (White: 14%, Black people: 24%, Hispanic: 35%; Pew Research Center, 2018). However, many people may lack unlimited data plans or experience slow Internet connectivity. This can pose a barrier to their use of these technologies, particularly phone/videoconferencing and Internet-based self-help. For those with smartphones, many self-help apps are "native," meaning they only require an Internet connection for download and are otherwise self-contained which helps reduce some barriers.
Literacy and language are both barriers to utilization of the technologies described above. Thirty-two million adults in the United States lack basic literacy (Kutner et al., 2007) , and approximately 4 million adults were unable to take the literacy test due to language barriers-the test was administered in English or Spanish. People who are not proficient in English or who have very low literacy may struggle to use some of the technologies currently available, as they are typically text-driven. While many programs undergo health literacy evaluations, these evaluations generally assume a sixth-to eighth-grade reading level. Furthermore, many of these technologies are not available in languages other than English, necessitating translations to reach more people.
Finally, security of protected health information (PHI) also poses a concern for users and providers alike. Many users may be resistant to incorporating technology in their mental health care due to fear of data breaches and lack of explicit description of security protections. Additionally, providers may be hesitant to adopt technologies due to unfamiliarity with HIPAA guidelines (Office for Civil Rights, 2008) . Providers may also face a lack of comfort related to technology usage or may fear accidental PHI disclosure. A full discussion of how to incorporate HIPAA guidelines into practice is beyond the scope of this article, but has been addressed elsewhere (see Glueckauf et al., 2018; Luxton, McCann, Bush, Mishkind, & Reger, 2011) . In addition to knowing HIPAA guidelines, providers should check applicable state laws about the use of technology in mental health practice.
| Current data on reductions in health disparities via technology tools
Overall, there have been very few studies that directly test the ability of technology tools to reduce health disparities. The data that do exist have primarily examined the effectiveness and acceptability of each technology tool within a given underserved population. In general, this literature suggests several technology tools are both well-accepted and effective in multiple underserved populations. Specifically, telemental health has shown high degrees of acceptability among many of these populations, including low-income, rural, and racial/ethnic minority groups (e.g., Stewart et al., 2017) . Investigations have also demonstrated the effectiveness of telemental health with underserved populations such as rural (Morland et al., 2014) , Latinx (Chong & Moreno, 2012) , Native American (Weiner, Rossetti, & Harrah, 2011) , and Asian populations (Ye et al., 2012) . Some limited research also suggests Internet-based self-help may effectively prevent or treat common mental health outcomes in multiple underserved populations, including Latinx (Lenert et al., 2003; Muñoz et al., 2009 ) and rural populations (Hill, Weinert, & Cudney, 2006; Stoops et al., 2009 ). Additionally, technologybased between-session assessments and reminders have been demonstrated to improve homework compliance and session attendance with low-income Latinxs , racially diverse samples (Bruehlman-Senecal, Aguilera, & Schueller, 2017) , and predominantly Black people samples (Kobak, Mundt, & Kennard, 2015) .
Utilization and reach have less frequently been the focus of research on technology tools, and many of the studies that have directly examined reach and utilization come from VA-based samples. Still, VA data have offered unique opportunities to examine the extent to which implementation of telemental health increased access nationwide and within individual clinics. Although not focused on underserved populations specifically, one study found that mental health service utilization increased nationally in conjunction with VA efforts to expand mental health access, which included the era in which telemental health expanded greatly (Mott, Hundt, Sansgiry, Mignogna, & Cully, 2014) . These improvements could not be directly tied to telemental health implementation and were not compared across rurality, race/ethnicity, or income, but do provide some preliminary evidence that a host of efforts that includes telemental health can improve treatment access. Another study within the VA system found that implementation of telemental health was associated with a 25% reduction in psychiatric admissions among those who received the service (Godleski, Darkins, & Peters, 2012 ).
This result implies that not only did telemental health increase access to mental health services, but that the increase may have prevented the need for escalating levels of services. Among the few tests of expanded access across underserved populations, a recent investigation found that outpatient mental health utilization increased among 85 Native American veterans who accessed a telemental health clinic (Shore et al., 2012) . In contrast to these studies, recent data suggest that large disparities between rural and urban veterans' access to mental health services remain (Teich, Ali, Lynch, & Mutter, 2017) . The difference in these findings might result from differences in the types of analyses conducted and may demonstrate the need for shifting priorities in evaluations of telemental health and other technology tools.
Surveys within the VA system have suggested that a sizable minority (more than 25%) have used mHealth for mental health reasons and a majority of veterans reported high degrees of interest in mHealth strategies that can address PTSD and mood difficulties (Erbes et al., 2014) . Still, little data are available regarding their relative use across underserved populations. Additionally, these data likely do not reflect usage patterns for mental-health-focused mHealth among non-VA populations as the VA has strongly encouraged the development and use of these technologies. Nevertheless, the substantial use of mHealth tools may point to the potential for these tools to be adopted by other practices in a similar manner to the VA.
Considerably less work has examined the utilization of technology tools among underserved populations. Results from one efficacy trial of a web-based self-help intervention demonstrated equity in utilization across race/ethnicity, rurality, and income among those who began the study (Price, Davidson, Andrews, & Ruggiero, 2013) . While these data point to the potential for web-based service to reduce dropout disparities, it remains to be seen if these resources are able to be accessed equitably, as there are notable gaps in the research literature regarding who initiates use of these resources both in controlled trial studies (e.g., by conducting thorough comparisons of who enters the trial relative to the overall target population) and in broader investigations of service utilization. Taken together, the available data on the use of technology tools with underserved populations suggest they are effective and acceptable with the potential for broad utilization. Given the paucity of data directly testing their reach, a significant shift in research priorities may need to occur in order to directly assess their ability to reduce mental health access disparities.
| Testable dissemination strategies for reducing access disparities
While continued work should focus on testing the effectiveness of technology tools to directly reduce symptoms or enhance the effectiveness of other treatments, most of the promise in current or emerging technology tools lies in their ease of dissemination. In turn, it is their ease of dissemination that currently offers the most promise for leveraging technology tools to reduce mental health disparities. As highlighted above, few studies have directly tested each tool's effectiveness for improving access to care among underserved populations. Further, extremely few studies have tested the hypothesized mechanisms leading to disparities reduction. As such, next we outline how dissemination and implementation science approaches and related methodological tools can be directly leveraged to address these research gaps. This call for new directions in research mirrors other calls for clinical trials to focus on how translational research can be used to advance clinical innovations from efficacy trials to dissemination and implementation trials (Bauer, Damschroder, Hagedorn, Smith, & Kilbourne, 2015; Dugan & Punnett, 2017) . While other translational science approaches exist (Dankwa-Mullan et al., 2010; Glasgow et al., 2012) , we center proposals within the Reach, Effectiveness, Adoption, Implementation, and Maintenance (RE-AIM) framework (Glasgow, Vogt, & Boles, 1999) . The RE-AIM framework serves as a useful tool to outline highly specific research gaps and highlight research designs for testing how technology tools can best be disseminated to address access disparities. The specific components of this framework can also guide tests of proposed mechanisms or mediators of disparities reduction, namely cost of service, ease of access, and stigma.
| Utilizing the RE-AIM framework to test disparities reduction
In general, the RE-AIM framework guides the direction of research questions, but not necessarily the specific methodologies or theories in translational science. Thus, the RE-AIM framework offers broad guidelines for how to identify gaps in the translation of clinical interventions by focusing on specific components of the translation process. The first component, reach, refers to the extent to which eligible individuals receive the intervention. In this context, assessments of reach would focus on testing the equity with which underserved groups receive the technology tool. Similarly, equity in effectiveness would entail ensuring that the technology tool confers a similar reduction in symptoms or disorder diagnosis across racial/ethnic, rural, and low SES groups. The combination of reach and effectiveness is often referred to as the public health impact of an intervention (Glasgow et al., 1999) , since, for example, a technology tool that drastically improves mental health outcomes for those in the clinical trial, but cannot be translated into clinical use to reach anyone else, would not have any impact on public mental health.
The remaining three components of the RE-AIM framework can be evaluated individually and for their impact on effectiveness or reach. Adoption often refers to the number of end-point users/recipients of an intervention (e.g., patient or caregiver) who ultimately adopt or use an intervention but may also refer to adoption by intervention brokers (e.g., clinical providers or public health workers). In this context, end-point users are most often individuals with a given mental health disorder and brokers are healthcare providers who address mental health concerns. But with technology tools, brokers could be expanded to a wider variety of roles, such as patient advocates or lay community health workers. To test the effect of adoption on health disparities, adoption by both brokers and end-point users would need to be tested for their association with lower reach or effectiveness among underserved groups. Implementation most often deals with how and when an intervention is delivered. To answer health disparity questions involving technology tools, investigators may test differential effects across a number of dimensions of implementation, including, but not limited to (a) the location and setting in which the technology is introduced or used, (b) the role of the provider managing or introducing the tool, (c) the order and manner in which a technology tool is introduced or managed, and (d) the technology platforms (e.g., operating systems or other system requirements) that house the technology. The outcomes of these analyses may, again, be the reach or effectiveness of the technology tools. Finally, under maintenance, investigators continuously evaluate how long each of the other RE-AIM framework components remains in place and for what groups. That is, a researcher may compare racial/ethnic differences in drop-off or increase over time in the adoption or implementation of a given tool, for example. Figure 1 demonstrates connections between RE-AIM components they apply to using technology to reduce mental health disparities.
Research on mental health technology tools has already begun fulfilling RE-AIM framework components related to effectiveness and adoption. Evidence is lacking, however, on the remaining reach, implementation, and maintenance components and on the effect of adoption disparities on the reach of each mental health technology tool. It is these other components that have the most direct impact on and provide the best guidance for enhancing equity in access to mental health services. Thus, gaps related to reach and other RE-AIM components leave much of the primary purpose of technology tools untested. Moving mental health technology research toward these aims, in some instances, may require small analytical shifts using already available information for existing trials. To fully address the RE-AIM components and the related hypotheses that mental health technologies enhance reach and ease of implementation, different research approaches with different research questions, methodologies, and analytical approaches will need to be incorporated into the next generation of clinical trials. 
F I G U R E 1
| Using geospatial and social network approaches to test/expand reach
One likely reason for the gaps in research investigating each technology tool's reach is that it requires information related to a broad community or clinical population. Investigators very often do not have direct access to this information and collecting it is frequently beyond the scope of early clinical trials. To address this, one simple strategy is to combine clinical trial data with publicly available data, though how these data are combined will depend heavily on the recruitment strategy, target population, and hypothesized mechanism for reducing access disparities. For example, geospatial analyses offer one alternative for determining the reduction in distance and travel-related barriers. Often used to determine the effects of environmental hazards (Maantay & McLafferty, 2011) , recent applications of geospatial approaches give investigators tools to map the dispersion of technology tools and determine geographic predictors of their uptake (e.g., distance from the trial). A review by Higgs (2009) outlines key issues in the application of geospatial analyses to service utilization. However, as one example, travel-related distance and its associated costs can be used both as predictors and outcomes in trials examining self-help mobile applications to determine the influence of travel and distance compared with treatment as usual conditions. Similar comparisons could be made to examine the degree of geographic dispersion or concentration in relation to key outcomes (e.g., treatment completion) across conditions. Using geospatial analyses, travel distance has previously been demonstrated to predict use of a broad range of health services, including breast cancer screening (Voti et al., 2006) , radiation therapy among women with breast cancer (Wheeler et al., 2014) , primary care (Guagliardo, 2004) , and emergency room visits (Lee et al., 2007) . Extending on these findings, some studies have begun using similar analyses to demonstrate that geographic clusters of underserved populations (e.g., Latinos) are often located farther from substance abuse and mental health services Guerrero, Kao, & Perron, 2013) . Investigations have less frequently examined how distance influences treatment uptake in clinical trials of mental health treatments. Nevertheless, geospatial analyses may offer significant insights into the degree to which distance influences treatment utilization in such trials and how the technology tool being tested mitigates the influence of distance on utilization.
Social network analyses and methodologies offer potential to expand both evaluation tools and dissemination strategies aimed at reducing disparities in access to care (Chambers, Wilson, Thompson, & Harden, 2012; Fennell & Warnecke, 2013) . In their most basic form, social network analyses map the connections between social contacts and their various roles (friends, family, sexual partners, etc.).
These network "maps" can then be used to determine associations between social relationships and various outcomes. Because of the network nature of the data, these outcomes can also be traced across the map and linked with predictors to determine "routes" of dispersion. These types of analyses therefore allow for researchers to examine how information, attitudes, and even diseases (e.g., STIs) propagate (De, Singh, Wong, Yacoub, & Jolly, 2004; Wylie, Cabral, & Jolly, 2005) . More specific to mental health technology, social network analyses can be used to determine how far self-help strategies disperse, especially those that are not linked to a particular clinical service, and what types of social connections perpetuate their spread. Applying this to the RE-AIM framework, network methodologies can directly assess both the reach and adoption of technology tools. Similarly, social network analyses offer rigorous means of determining the effect of stigma and other social attitudes on mental health service access by assessing stigma across individuals, their immediate peers, and their extended network. Assessing such mechanisms would directly address questions of implementation. In turn, this allows investigators to better examine whether mental health technologies achieve their hypothesized reductions in stigma-related barriers to care.
Applying social network methodologies, however, requires a shift in clinical trial methods because recruitment needs to occur through networks to gather all the necessary data. Two primary approaches are used and offer different strengths for improving dissemination: (a) whole-network assessment of clinical systems, and (b) respondent-driven sampling. These two sampling methods answer highly distinct questions (Valente, 2012) . In the first, whole-network assessments of clinical systems allow for complete mapping of providers within broad clinical care environments (e.g., collaborative care systems or large hospitals). This requires data from nearly every provider in the care system and can be time-intensive, but it allows researchers to determine how patients connect to providers in clinical systems (e.g., how, when, and why patients connect through a series of providers). It also can make predictions about the conditions necessary for treatment innovations, such as mental health technologies, to be adopted by providers in ways that individual-or group-focused analyses do not. Research from other health areas already indicates that direct connections with other providers who have adopted a new clinical tool may be necessary for a clinician to begin adopting its use (Greenhalgh, Robert, Macfarlane, Bate, & Kyriakidou, 2004) . Models of technology adoption have also recognized this phenomenon by distinguishing early adopters from those who wait and only adopt after a social connection has adopted the technology. To elaborate these models further, social network analyses can assess how early adopters learned about the intervention and the social-ecological conditions that facilitate quick adoption.
In contrast to whole-network sampling, researchers can use RDS to assess only a portion of a network, which is optimal for situations in which whole-network assessment is not feasible (e.g., when assessing a large clinical population). RDS involves recruitment of initial, "seed" participants who are identified as having social connections relevant for the study's purpose (e.g., having several friends with HIV). Seed participants and each subsequent participant are then tasked with recruiting additional participants. As a result, each participant's data represent both individually focused information about themselves and other-focused information for another study participant. This data structure expands available research questions to include measures of actual and perceived social constructs, such as stigma and social support. It could further test peers' knowledge of relevant mental health information, such as mental health diagnoses, violence exposure, or mental health service utilization. Although less than whole-network analyses, data derived from RDS also allow for testing of the magnitude and/or direction of dispersion across a network. Altogether, network-based analyses and interventions open possible avenues for testing and expanding the reach of mobile mental health applications. Most directly, they can be used to test how far novel technology tools travel across a social network, particularly for tools that do not require direct connections for clinical services (i.e., many selfhelp applications). They can also test the social conditions under which individuals seek these resources, such as having a friend who has used the technology tool and knows that the individual has a mental health disorder. These kinds of analyses and methodologies could be used in both controlled and open-trial contexts. Similar study designs have already been implemented in other health areas. Perhaps the most extensively examined intervention with underserved populations involves training lay health workers, also called promotoras, to promote health education, increase healthcare utilization, or to even deliver certain health interventions among their social networks. Although not always described in social network terms, training lay health workers or peer educators has been shown to increase treatment utilization and improve outcomes across a variety of chronic health outcomes among frequently underserved and disparity populations, including Latinos and Black peoples (Earp et al., 2002; Forster-Cox, Mangadu, Jacquez, & Corona, 2012; Gary et al., 2009; Hansen et al., 2005; Hilfinger Messias et al., 2013; Hunter et al., 2004; Ingram et al., 2007; O'Brien et al., 2015; PhilisTsimikas, Fortmann, Lleva-Ocana, Walker, & Gallo, 2011; Reinschmidt et al., 2006; Spencer et al., 2011) . The use of lay health workers and promotoras has less often been explored with mental health outcomes, but their effectiveness in other contexts may provide insights into how mental health technology could be disseminated through similar means. Similarly, more rigorous social network analytic approaches could be applied to help guide dissemination and provide nuance regarding the most appropriate social roles of lay health workers in relation to treatment recipients and other workers within clinical systems. In fact, in one of the few randomized trials examining the effectiveness of lay health workers on mental health outcomes, social conflicts with other clinical workers were highlighted as a key contributor to the program's lack of effectiveness (Waitzkin et al., 2011) .
This knowledge could advance other strategies for intervening within the social network to enhance the conditions necessary for dispersion of the technology tool among underserved groups. To date, extremely few mental health technology studies, in fact none to our knowledge, have used either network-based or geospatial analyses to evaluate the reach and adoption of mental health technology tools. Still, both approaches hold significant promise for advancing the use of technology to reduce disparities in mental health access.
| Integration with and testing across nonmental health services
In addition to methodologies centered primarily on the evaluation of reach for underserved populations, alternate routes of dissemination may offer testable strategies for maximizing their potential to reduce disparities while also fitting within the RE-AIM framework. Specifically, technology tools could be integrated into clinics whose patients have low access to mental health services. The integration of mental health services into primary care has already been demonstrated to reduce access disparities (Coventry et al., 2015; Wahlbeck, 2015) . Mental health interventions have also been successfully implemented in primary care and other medical settings (Reid et al., 2011 (Reid et al., , 2013 ; however, few studies have directly examined their disparity-reduction potential in medical or other nonmental health service settings.
The integration with primary care presents a highly promising avenue for disparities-focused dissemination because many underserved populations (e.g., many racial/ethnic minority groups, rural populations, low SES populations) are more likely to receive mental health services from primary care compared with other outlets (Alegría et al., 2002; Manseau & Case, 2013) . The preference for primary care services may be due to relative service availability (i.e., specialty mental health is often less common than primary care) and stigma-related concerns (Vega, Rodriguez, & Ang, 2010; Wrigley, Jackson, Judd, & Komiti, 2005) . Multiple standard clinical trial designs could be implemented to directly test these hypotheses, including randomization of clinics to app-based self-help compared with referrals to other mental health services. The primary outcomes of these trials could then track if and among what populations these technology tools reduce disparities in both treatment reach and effectiveness. Social network and geospatial approaches could be added to determine roadblocks to implementation or enhance
evaluations of reach in these environments as well. Wholeclinic, rather than individually focused, data could also be used to compare the overall impact of a technology tool across an entire population. That is, analyses could determine to what degree do broad mental health outcomes improve for an entire clinic or subsample of a clinic with comparisons of improvement across underserved groups.
Similar strategies could be used for a number of other nonmental health services that frequently address mental health concerns among underserved populations but may have insufficient resources to fully address these needs. In such instances, self-help technologies in particular may offer a gateway into mental health services that is presently not available. Although not a comprehensive list, such settings include tertiary medical care, emergency care, schools, domestic violence resources, social service nonprofits, and public health departments. Dissemination of technology tools would differ tremendously across each setting, but comparable experimental designs could test the ability of technology to reduce disparities in the reach, overall impact, and adoption of technology-mediated mental health services.
| Expanding mental health technology through feedback from underserved communities
The final strategy for better leveraging technology tools to reduce mental health disparities focuses on the expansion toward new purposes and routes of dissemination. To address this, underserved communities need to be involved in the feedback process at each stage of technology implementation. Several models exist for completing this work, including multiple models of community-based participatory research, but they are infrequently applied to the expansion of technology tools. All recommendations presented above could be brought to bear in order to advance better community inclusion, which extensive evidence from other fields indicates can reveal new and effective routes of dissemination (Lucero et al., 2018; Wallerstein & Duran, 2010) . Some mental health technology research has captured these data largely to enhance the contents of the technology tools itself with promising results (Nicholas, Larsen, Proudfoot, & Christensen, 2015; Ruggiero et al., 2015) . We propose that research should extend beyond seeking feedback on the design of the application and focus on the implementation with continuous feedback on how implementation can be improved in order to support maintained use. This type of data collection is central to the RE-AIM framework particularly because it can guide the dissemination and implementation routes that are most likely to result in adoption and maintenance of an intervention. For example, these data could guide which clinical personnel, in what locations, and at what times are most appropriate for introducing a self-help mobile application. By focusing these results on underserved populations, the implementation and dissemination of these tools can be targeted toward maximizing the potential for these tools to reduce disparities.
As with other RE-AIM applications, this type of data can be combined with other data to form feedback loops that constantly offer new potential for improvement. That is, geospatial and social network analyses offer new ways to identify subpopulations that do not utilize a given tool. Investigators can then gather feedback from these populations about alternate dissemination and implementation methods to refine their approach. They may indicate, for example, that particular subpopulations should be introduced to the technology tool in a different setting (e.g., Latino participants who adhere to the cultural value of respeto may not be willing to ask questions of or contradict a doctoral level provider but may be more comfortable addressing such difficulties with lay community health workers). Geospatial and social network analyses can then be reapplied to test the effectiveness of these new approaches. Similar strategies can also be implemented with wholeclinic analyses, as other investigators have already demonstrated in other fields. Taken together, the combination of these strategies offers vast new opportunities to test, refine, and better apply technology tools to reduce mental health disparities.
| CONCLUSIONS
Overall, additional work is needed to fully demonstrate whether and under what conditions technology tools reduce mental health disparities. This work needs to focus on how to best translate the use of these tools into clinical settings with an emphasis on dissemination and implementation that benefit underserved populations. There are additional routes of expanding disparity-focused mental health technology research that are not discussed thoroughly here but warrant further exploration. Most notably, we have not discussed several emerging technologies that could reduce mental health disparities in the future but have not been developed fully or have significant remaining ethical questions (e.g., efforts to automatically connect Internet users to mental health services based on specified Internet searches). Nevertheless, the three disparity-related barriers that technology tools likely reduce (ease of access, cost, and stigma) and their ultimate impact on disparities can be tested directly with present-day technologies. To better translate technology's potential to actual disparities reduction, data collection and analyses should move toward the methodologies and research frameworks that focus on reach, adoption, implementation, and dissemination among the underserved.
